Abstract. Previous studies on the gender wage gap have relied on OLS when estimating the wage equations. However, a number of recent studies, devoted to estimating the return to education, have shown that OLS may produce biased estimates for a number of reasons. As a consequence, previous results regarding the gender wage gap may also be biased. In this paper, we first estimate wage equations using a GMM procedure applied to panel data and then investigate the distribution of the gender wage gap. The results indicate that OLS may seriously overestimate the unexplained gender wage gap.
Introduction
Estimating the return to education and the gender wage gap has been the target for labor economists for decades. In most empirical work, the wage functions are derived from the Mincer equation (Mincer 1974) , relating the logarithm of earnings (or wages) linearly to years of education. For some time, labor economists have argued that estimating this relationship by ordinary least squares (OLS) produces biased estimates for at least three reasons. First, the OLS estimates may suffer from ''ability bias ''. Specifically, if Empirical Economics (2005) schooling decisions are positively correlated with ability and ability only enters the wage equation through an additive error term, then it can be shown that OLS yields estimates that are upward biased. 1 Second, if the measure of educational attainment (usually years of education) is measured with error, this will produce a negative bias in the OLS estimates of the return to education (see Griliches 1977) . Third, schooling attainment can be thought of as a function of ability and subjective discount rates. If these two arguments are correlated (presumably negative), this will also bias the OLS estimates (see Belzil and Hansen 2002a and Card 1995) .
Despite the recognitions of the inability of OLS to obtain unbiased and consistent estimates in wage regressions, it has been the principal estimator in studies regarding the gender wage gap. This is surprising. Arguably, the bias in OLS will not only affect the wage parameters, but also the wage gap itself. The strong reliance on OLS in the previous literature motivates us to study the effect of treating schooling as an endogenous variable on the unexplained gender wage gap. Consequently, our first problem is how to obtain unbiased or consistent estimates of the wage regressions.
3 One way to reduce the problem of ability bias is to include proxy variables for labor market ability in the wage equation. Typical variables that have served as proxies for ability in the previous literature include scores from IQ-tests (e.g., Blackburn and Neumark 1993 and Griliches 1977) and family background information (e.g. Blackburn and Neumark 1995 and Lam and Schoeni 1993) . A common result from these studies is that when proxy variables are included in the wage equation, the estimated return to education fall. However, even if these procedures may reduce the ability bias, we still face problems with bias due to measurement error and subjective discounting. To overcome these hurdles we may use instrumental variable techniques instead. The problem then reduces to finding suitable instruments. One approach is to use exogenous influences that affect schooling attainment. For instance, information on changes in the minimum school leaving age has been used (see Harmon and Walker 1995) . Card (1993) used information on proximity to colleges as an instrument, with the motivation that the cost of attending college is lower if there is a college close to where the student resides. The results from these two studies indicate that OLS substantially underestimates the true return to education. Another branch of the literature has relied on using data on twins or siblings, combined with a first-difference estimator, as a way of reducing the problem with ability bias. For example, Ashenfelter and Kreuger (1994) used data on identical twins and reported first-difference estimates of the marginal return to schooling in the order of 12-16%. These estimates were substantially higher than the corresponding OLS estimates.
When panel data is available, we do not have to rely on the cross-sectional approaches outlined above. First, we could assume that ability is an
